Channels with different shapes and bed conditions are used as useful appurtenances to dissipate the extra energy of a hydraulic jump. Accurate prediction of hydraulic jump energy dissipation is important in design of hydraulic structures. In the current study, hydraulic jump energy dissipation was assessed in channels with different shapes and bed conditions (i.e. smooth and rough beds) using the support vector machine (SVM) as an intelligence approach. Five series of experimental datasets were applied to develop the models. The results showed that the SVM model is successful in estimating the relative energy dissipation. For the smooth bed, it was observed that the sloping channel models with steps performed more successfully than rectangular and trapezoidal channels and the step height is an effective variable in the estimation process. For the rough bed, the trapezoidal channel models were more accurate than the rectangular channel. It was found that rough element geometry is effective in estimation of the energy dissipation. The result showed that the models of rough channels led to better predictions. The sensitivity analysis results revealed that Froude number had the more dominant role in the modeling. Comparison among SVM and two other intelligence approaches showed that SVM is more successful in the prediction process.
INTRODUCTION
For the transition of a supercritical flow into a subcritical flow in an open channel, the hydraulic jump phenomenon is used.
Hydraulic jumps can occur downstream of hydraulic structures, such as normal weirs, gates and ogee spillways. It is considered as a rapidly varying flow, and this type of flow regime transformation is associated with severe turbulence and flow energy dissipation (Hager ) . Based on the energy dissipating action of hydraulic jumps, a stilling basin is one of the possible solutions which may be adopted. In order to design an optimal hydraulic structure, different devices such as sills, baffle blocks, end sills, roughness elements, and roller buckets are used in hydraulic structures.
However modeling hydraulic jump characteristics has great importance since it plays an important role in designing hydraulic structures. So far, hydraulic jumps have been extensively studied in order to explain the complex phenomenon of the hydraulic jump and to estimate its characteristics. However, due to the complexity and uncertainty of the hydraulic jump phenomenon, the classical models often do not show the desired accuracy and the application of many formulas are limited to special cases of their development.
In fact, the physical-based approaches rely on a limited database, untested model assumptions, and a general lack of field data, and do not show the same results under variable flow conditions. These issues cause uncertainty in the prediction of energy dissipation; therefore, it is essential to use other methods which are more accurate in predicting hydraulic jump parameters such as energy dissipation. used ANN for the estimation of aquifer pollutant source behavior. In the present study, the relative energy dissipation is assessed in differently shaped channels (i.e. rectangular, trapezoidal, and sloping channel with step) with smooth and rough beds using the SVM as the effective meta-model approach. Different input combinations were considered to determine the most effective combination for predicting the relative energy dissipation. Then, a sensitivity analysis was performed in order to determine the most important variables in the prediction process. Also, the capability of the SVM approach was compared with two other metamodel approaches (i.e. ANN and ANFIS).
MATERIALS AND METHODS

Used datasets
The experimental data presented by Wanoschek & Hager Figure A in the Appendix (available with the online version of this paper).
Support vector machine
The SVM approach was developed by Vapnik () , and is known as structural risk minimization (SRM), which 
where φ(x) denotes a nonlinear function in feature of input x, b is called the bias and the vector w is known as the weight.
The coefficients of Equation (1) are predicted by minimizing the regularized risk function as expressed below:
The constant C is the cost factor and represents the trade-off between the weight factor and approximation error; ε is the radius of the tube within which the regression function must lie. L ε (t i , y i ) represents the loss function in which y i is the forecast value and t i is the desired value in the period i. Since some data may not lie inside the ε-tube, the slack variables (ξ, ξ*) must be introduced. These variables represent the distance from actual values to the corresponding boundary values of the ε-tube. Therefore, it is possible to transform Equation (2) into:
Using Lagrangian multipliers in Equation (4) thus yields the dual Lagrangian form:
where α i and α i * are Lagrange multipliers and l(α i , α i *) represents the Lagrange function. K(x i , x j ) is a kernel function to yield the inner products in the feature space φ(x i ) and φ(x j ). In general, there are several types of kernel function, namely linear, polynomial, radial basis function (RBF) and sigmoid functions. It should be noted that the performance of the SVM is highly dependent on the choice of kernel as well as the kernel and cost parameters. In fact SVM prediction accuracy depends on a good setting of meta-parameters C and ε and the kernel parameters. SVM is a powerful tool that can be successfully applied to predict any variable of Adaptive neuro-fuzzy inference system ANFIS was first introduced by Jang (). An ANFIS is a network structure consisting of a number of nodes connected through directional links. Each node is characterized by a node function with fixed or adjustable parameters. The learning or training phase of a neural network is a process to determine parameter values to sufficiently fit the training data. The basic learning rule is the well-known back-propagation method which seeks to minimize some measure of error, usually the sum of the squared differences between the network's outputs and the desired outputs. Depending on the types of inference operations upon 'if-then rules', most fuzzy inference systems can be classified into three types: Mamdani's system, Sugeno's system and Tsukamoto's system. Mamdani's system is the most commonly used, meanwhile, Sugeno's system is more compact and computationally efficient; the output is crisp, so, without the time-consuming and mathematically intractable defuzzification operation, it is by far the most popular candidate for sample-databased fuzzy modeling and it lends itself to the use of adaptive techniques (Takagi & Sugeno ) .
Artificial neural networks
The ANN is a learning systems that has solved a large amount of complex problems related to different areas During training the values of the parameters (weights)
are varied so that the ANN output becomes similar to the measured output on a known dataset.
Performance criteria
In the current study, the model's performance was evaluated using three statistical parameters: correlation coefficient (R), determination coefficient (DC), and root mean square error (RMSE), as depicted in Equation (6):
where Using non-normalized data in estimation of the intended parameter may lead to undesirable accuracy; therefore, all datasets were normalized before modeling.
This will increase the capability of the SVM model. Equation (7) was used to normalize the data utilized in this study:
where x n , x, x max , x min respectively are: the normalized value of variable x, the original value, the maximum and minimum of variable x.
Simulation and model development
Input variables
Appropriate selection of input parameters is an important step in the modeling process using an intelligent technique. 
in which y 1 and y 2 : sequent depth of upstream and downstream, V: upstream flow velocity, μ: water dynamic viscosity, g: gravity acceleration, L: length of jump, ρ: density of water, E j (¼E 1 À E 2 ) in which E 1 and E 2 are energy per unit weight before and after the jump, H: rough element or step height, and S: space between rough elements. Using dimensional analysis and considering y 1 , g and μ as repeating variables, Equation (9) can be expressed as follows:
Equation (9) can be expressed as Equation (10) Therefore, in this study, the models of Table 2 were considered for modeling the energy dissipation in channels with different shapes and bed conditions. Figure 1 illustrates a flowchart of the simulation process considered in this study. It should be noted that for each state of bed condition (i.e. smooth and rough beds), 75% of the whole dataset was used for training the models and 25% of the data (which was from the same set) was used for testing the models.
The orders of the datasets were selected in the way that the training dataset contains a representative sample of all the behavior in the data in order to obtain the model with higher accuracy. The quality of the training data is essential for the evolution of good solutions. To find a good training set which can give good accuracy both in training and testing sets, one method is instance exchange (Bolat & Yildirim ) . The process starts with a randomly selected training set.
RESULTS AND DISCUSSION
Developed models for smooth channels
For determining the best performance of SVM and selecting the best kernel function, model S(III) of sloping channel with step was predicted via SVM using various kernels. Table 3 shows the results of the statistical parameters of different kernels. According to the results, using the kernel function of RBF led to better prediction accuracy in comparison with the other kernels. Therefore, the RBF kernel was used as the core tool of SVM, which was applied for the rest of the models.
For evaluating the relative energy dissipation in smooth channels with different shape, several models were development based on flow and channels geometry and analyzed with SVM. Table 3 in the case of channel with step, it could be inferred that H/y 1 (relative height of the step) is effective variable in energy dissipation in this type of channels. Also, the model S(I) with only input parameter Fr 1 showed the desired accuracy in the sloping channel with step. Figure 2 indicates the scatter plots of SVM prediction and measured values for the S(III) model in three channels.
Developed models for rough channels
The obtained results from SVM models for predicting the hydraulic jump relative energy dissipation in rectangular and trapezoidal channels with rough beds are indicated in Table 4 Tables 3 and 4 , it can be stated that the developed models for rough channels performed more successfully than for smooth channels.
Validation of proposed best SVM models using ANFIS and ANN
The experimental data for smooth and rough bed channels were used to evaluate the performance of proposed best SVM models in comparison with other data-driven models.
In this regard, for each channel with different bed conditions (i.e. smooth and rough beds) the superior model was run using AFIS and ANN models and the results were compared with the SVM. Table 5 shows the results of this comparison. As can be seen from Table 5 , both the ANN and ANFIS models led to the desired accuracy and the efficiency of the ANFIS model was more than the ANN.
However, the SVM model yielded slightly better results in comparison with the ANFIS and ANN models.
Sensitivity analysis
To investigate the impacts of different employed parameters from the best proposed models on hydraulic jump energy dissipation prediction via SVMs, sensitivity analysis was performed. In order to evaluate the effect of each parameter, the model was run with all input parameters and then, one of the input parameters was eliminated and the SVM model was re-run. Table 6 shows the sensitivity analysis results. From Table 6 , it can be deduced that variable Fr 1 is the most important variable in hydraulic jump relative energy dissipation prediction in both the smooth and rough channels. 
CONCLUSION
In the current study, the SVM approach was used to predict hydraulic jump energy dissipation in smooth and rough rectangular and trapezoidal channels and a sloping channel with a step. The SVM was applied for different models based on flow characteristics and channel bed conditions.
For the state of a smooth bed, the obtained results showed that in predicting the relative energy dissipation the model S(III) with input parameters of Fr 1 , (y 2 À y 1 )/y 1 as input variables performed more successfully than the other models. It was found that using y 2 /y 1 and (y 2 À y 1 )/y 1 as input parameters caused an increment in the model's efficiency.
Also, in the case of the channel with a step, it was observed that the relative height of the step is an effective variable in energy dissipation estimation. Among the three types of smooth channels, the developed models for the case of the sloping channel with a step led to better predictions. For rough bed channels, the superior performance in the rectangular channel was the model R(III) with parameters of A comparison was also done between the SVM results and ANN and ANFIS models. The results showed that SVM is more accurate than the two other meta-model approaches.
The applied technique was found to be able to predict hydraulic jump energy dissipation in both smooth and rough bed channels. 
